Abstract Climate change has repercussions on national security. Yet, no widely accepted definition of climate security exists to date. In this paper, we present a mathematical model that defines and assesses climate security as a function of 37 indicators of exposure, sensitivity, and adaptive capacity. The model combines the indicators using statistical methods and fuzzy logic which encapsulates the subjective part of the assessment, to derive an overall climate security score from 0 to 1, and then rank 187 countries. A sensitivity analysis points to those indicators with the highest potential to improve climate security and indicates regional priorities for action. It turns out that globally the highest priorities are the economy which is necessary for climate adaptation, population growth which should be contained, political rights, renewable energy use, and sea level rise. Although several results such as the high ranks of Scandinavian countries are intuitive, the model uncovers unexpected facts such as the higher rank of Uruguay than Denmark and Japan or the higher rank of Costa Rica than Italy. However, a closer look at the intermediate results reveals that Uruguay and Costa Rica are far superior to Denmark, Japan, and Italy in the areas of water and energy.
security mathematically. Such an effort ought to address climate security from its analytical and normative sides.
The Fifth Assessment Report (AR5) of the Intergovernmental Panel on Climate Change (IPCC) provides assessments of climate change on natural and human systems and addresses relevant adaptation and mitigation measures to cope with or avoid future risks. Emphasis is placed on freshwater and food security, health, the economy, and living conditions (IPCC 2012 (IPCC , 2014a which are sensitive to climate change and extreme phenomena and have a direct bearing on national security.
The impact of climate change on national security is increasingly recognized by national security experts (Kloor 2009) , while several studies go as far as suggesting that there is a linkage between climate change and armed conflict. The current Syrian war, for instance, could be connected with the 2007-2010 droughts in the broader region which caused a forced migration of about 1.5 million people to urban outskirts. The resulting rapid demographic change and the degraded living conditions along with a lack of government support encouraged instability, social unrest, and, finally, the civil war outbreak (Kelley et al. 2015) . A quantitative analysis of the drought-conflict relationship across different political and socioeconomic contexts is presented in von Uexkull et al. (2016) .
Large numbers of casualties due to disease, malnutrition, and natural disasters are reported each year. The annual number of excess deaths attributable to climate change is estimated at 400,000 for 2009 and projected to rise to 700,000 for the year 2030, with a cumulative estimate of tens of millions by the end of this century (Nolt 2015) .
There is an extensive debate in the literature about the concept of security, including climate security. Traditionally, security was focused on military threats. Nowadays, however, the concept has expanded to include such aspects as poverty, health, education, political freedom, and democracy, thus becoming a lot more general but also vague and, in the opinion of some authors, of limited usefulness (Paris 2001) . Other researchers subscribe to broader definitions (Busby 2007) . Defining climate security faces similar problems; however, its nature is such that a very narrow definition is bound to leave out essential aspects given that climate change affects a multitude of societal sectors.
Several authors have studied the links between climate change and armed conflict (see for example Barnett and Adger 2007; Theisen et al. 2013) , while others have focused on nonmilitary threats (Adger et al. 2014) . Another trend of climate security is that of climate vulnerability mapping at the local scale (see Preston et al. 2011 for a review) using GISs to map hazards associated with climate change. Based on future projections, such studies identify hotspots for potential humanitarian actions (Thow and de Blois 2008; Busby et al. 2014) .
Other papers examine specific aspects of human vulnerability to climate impacts from the point of view of water and energy security (Lipper et al. 2014; Preston et al. 2011; Füssel 2010; Beccari 2016) . At the other end, holistic approaches that view climate security as the resultant of a large number of components include (ND-GAIN, Climate Vulnerability Monitor, Climate Risk Index).
The concept of climate security adopted in this paper is rather broad inspired by the IPCC Fifth Assessment Report which emphasizes the 'assessment of risks climate change poses to individuals and communities, including threats to livelihoods, culture, and political stability' (Adger et al. 2014 ). This approach is also consistent with several studies by the Food and Agriculture Organization (FAO) and the International Energy Agency (IEA).
The model introduced in this work, called Fuzzy Assessment of Climate Security (FACS), serves a dual purpose; it is a definition of climate security in itself and a quantitative assessment tool. We have made an effort to keep generality within bounds. Interestingly, several studies on climate security have adopted even broader definitions. For example, Busby (2007) , in addition to water, food, and energy security, introduces refugee crises, security of military installations, and geopolitics.
To be sure, the debate between holism and specificity regarding climate security or security in general will continue with valid arguments from both sides. However, our purpose is not to take sides, but rather to develop a mathematical framework that overcomes several shortcomings of existing composite indices. To do this, we adopt fuzzy logic that is best suited for situations where emulation of human thinking is needed to analyze a multifaceted and vague situation as the case of climate security.
FACS is a global model of climate security of countries that encompasses suitable indicators to capture various aspects of human security. The model uses fuzzy logic to combine indicators into composite variables and, finally, an overall measure of climate security on [0, 1] . The goal of the model is to rank countries according to their climate security standing and to identify those policies that have the highest potential of improving climate security.
Fuzzy logic does not require an explicit mathematical model of climate security and can process quantitative as well as qualitative information. Since no quantitative definition of wide acceptance exists for climate security, FACS is a natural choice for the assessment of climate security given its dependence on quantitative and qualitative variables. Moreover, FACS is the only model that evaluates climate security taking into account the time dimension using exponential smoothing of data. Its reasoning relies on a step-by-step sequential development rather than a simplistic and arbitrary assignment of weights from the very start of the evaluation.
Methods

Assessment of climate security
We assume that climate security comprises seven broad dimensions: water security (WATER), food security (FOOD), energy security (ENERGY), sea level rise impact on inhabited land (LAND), social stability (CONFLICT), health (HEALTH), and economic resilience (ECONOMY). We adopt the IPCC approach to evaluate each dimension by means of three related components: exposure, sensitivity, and adaptive capacity. Exposure is defined as the number of people and the amounts of resources and assets affected by climate change, sensitivity is the degree to which a sector is affected, either positively or negatively, and adaptive capacity is the ability of the human system to adjust to take advantage of or respond to consequences of climate change. Each of these three components is a function of one or more specialized indicators which comprise time series from 1901 up to 2016, depending on the availability of data.
We believe that the choice of the seven dimensions of FACS provides a global sense of national climate security which also agrees with the IPCC reports. It is worth pointing out that FACS is amenable to deletion or addition of inputs as knowledge and data about climate security evolve.
Indicator Bsea level rise on rural land^appears as input to WATER and LAND. This multiple appearance does not constitute double counting since both dimensions are affected to a varying degree by sea level rise. Similar arguments can be given for GDP per capita that is connected to the adaptive capacity of several dimensions, population growth, etc.
The hierarchy of variables used in the FACS model is shown in Fig. 1 and described in more detail in Online Resource Section S.1. The model first uses some basic statistical techniques and normalization to transform the time series of each indicator into a dimensionless value. It then proceeds with a fuzzy rule-based knowledge system to combine groups of indicators into composite variables and, finally, an overall measure of climate security. Fuzzy logic is a natural tool to handle a vague and subjective concept as climate security. In developing the FACS model, we followed some basic ideas of another model which assesses national sustainability (Phillis et al. 2011) . The model is suitable for sensitivity analysis (Kouikoglou and Phillis 2009) , an important feature in decision-making that identifies the indicators with the highest potential to improve climate security.
The sequence of data processing in the FACS model is discussed in detail in Online Resource Section S.2 and outlined in Fig. 1 and below.
Exponential smoothing
The 37 indicators for each country vary over time. We use time series of indicators rather than their most recent values in order to capture the dynamic nature of climate security. For example, if for a given country drought was absent in the most recent year but severe droughts had occurred over the last decades, using the latest data point would give an incorrect picture of the country's exposure to drought disasters. Also, occasionally, the recent value of an indicator may be missing but the corresponding time series has a regular pattern such as a more or less constant trend. In such cases, missing values are imputed from past data using a filtering method that generates a level and a trend for each time series. Level is a slowly varying component measuring the current state of the indicator while trend gives an indicator's current smoothed annual change. The method used is a variant of linear trend exponential smoothing that can handle time series with partly missing data (see Online Resource Section S.2). The model uses as input either the level or the trend estimate, depending on the type of available data and the particular aspect of climate security addressed by each indicator. For example, to assess water exposure to climate risk, we use raw data about annual precipitation and the annual frequency of drought disasters per 10 5 km 2 (see Online Resource Section S.1), but the inputs to the FACS model are the corresponding trend estimates, which reveal the changing patterns of precipitation and drought disasters for each country.
Normalization
Normalization transforms the smoothed indicators into dimensionless values on [0, 1] with 0 representing absolute insecurity and 1 absolute security. Normalization is carried out with the use of appropriate reference values or thresholds, which separate secure and insecure regions of indicator values. For some indicators, larger values lead to a higher security (larger is better, LB), and for others, smaller values are more secure (smaller is better, SB). For the indicator BEnergy intensity^(energy per unit of GDP), neither LB nor SB is appropriate, but a range of values (nominal is best, NB), which here is chosen to be the energy intensity of the Scandinavian countries. Indicator values in NB are assigned the normalized value 1 while values outside NB, they are assigned smaller normalized values depending on their distance from the target interval.
For each indicator, we define either two or four thresholds denoted u, τ, T, and U, where u < τ ≤ T < U. Values lower than u or larger than U represent absolute insecurity and are assigned the normalized value 0. The interval [τ, T] represents the range of target or absolutely secure values, which are assigned the normalized value 1. If an indicator value z is between an insecure and a target value, then the corresponding normalized value x is computed by linear interpolation as follows:
The thresholds for each indicator are determined so that they comply with regulations, international agreements, or just common sense. The available data, estimate (trend or level), normalization type (NB, LB or SB), and reference values for each indicator are registered in Table 1 .
All indicator assumptions and data sources are presented in Online Resource Section S.1.
Fuzzification
Normalized indicator values are mapped into fuzzy sets representing distinct levels of climate security. More specifically, the interval [0, 1] is partitioned into a number of overlapping subintervals and corresponding fuzzy sets, so that each normalized value may belong to one or more fuzzy sets with certain degrees of membership. Indicators are assigned to three fuzzy sets with labels or linguistic values Weak (W), Medium (M), and Strong (S). The components of climate security (exposure, sensitivity, and adaptive capacity) are represented with five fuzzy sets with linguistic values Very Bad (VB), 
Rule bases and fuzzy inference
The model uses various rule bases to combine indicators, components, and dimensions into more composite variables. Each rule base has a number of rules of the form
The following are examples of rules from the lowest to the highest level of the model hierarchy:
If BWater withdrawals^is W and BForest change^is S, then BWATER sensitivity^is A If BWATER exposure^is G and BWATER sensitivity^is A and BWATER adaptive capacity^is VB, then WATER is I If WATER is I and FOOD is EL and ENERGY is L and LAND is FL and CONFLICT is FH and HEALTH is H and ECONOMY is EH, then FACS is F 10 where the fuzzy set F 10 corresponds to an intermediate security level.
The number of rules in a rule base increases geometrically with the number of inputs, and rule explosion is a common problem in fuzzy systems. The rule bases of the FACS model along with a rule encoding approach that avoids rule explosion are detailed in Online Resource Section S.2.
Each component, dimension or the overall climate security is evaluated through a fuzzy inference process, which transforms the input (conditional) membership grades into membership grades of the output variable to the fuzzy sets of the rule consequent parts. The fuzzy inference processes depicted in Fig. 1 transform the input indicators into composite variables, all represented by fuzzy sets and membership grades, and finally the overall index FACS into a single numerical value on [0, 1] by a standard operation known as defuzzification. The model uses monotonic fuzzy inference (Kouikoglou and Phillis 2009) and defuzzification methods, which ensure that the FACS index increases whenever an indicator is improved. Details on fuzzy inference and defuzzification are provided in Online Resource Section S.2.
Sensitivity analysis
The assessment of climate security and its components and dimensions can provide useful information about the strengths and weaknesses of a country to deal with the dangers of climate change. A small value in one component of climate security suggests that some or all indicators involved in this component need more attention than the indicators of other components. Policymakers need such information to improve the overall climate security in a most efficient manner. Sensitivity analysis is a systematic approach to identifying the most serious climate risks and setting priorities for adaptive or corrective actions.
Climate security is written as FACS (x 1 ,…x 37 ), where x c is the normalized value of indicator c. A given indicator x c is perturbed by a small quantity ε > 0. Since FACS is an increasing function, FACS (x 1 ,…x c + ε,…) is greater than FACS(x 1 ,…x c ,…). In sensitivity analysis, the rate of improvement of the overall climate security with respect to indicator c is given by the first-order difference
Although a ranking of indicators by largest Δ c may seem reasonable, it is biased towards components and dimensions with fewer inputs and it ignores the cost of improvement of indicator c, which is usually increasing in x c (Phillis et al. 2011) . For these reasons, indicators are ranked according to Δ c (1 − x c ).
As explained in Phillis et al. (2011) , 1-x c is the distance of c from the secure value or, equivalently, a measure of the ease for improvement of this indicator. As long as x c < 1 and Δ c > 0, the above quantity will be positive and is expected to increase as x c tends to zero.
If a country has the resources to improve two aspects or indicators of climate security simultaneously, then a second order difference is considered. Suppose that two distinct indicators, c and v of a country are increased by ε. The second-order difference
is a measure of the rate of improvement of FACS with respect to c and v. As previously, the pair of indicators with the highest potential to improve climate security is the one with the largest product
This approach can easily be extended to higher order differences if more than two indicators could be improved simultaneously.
Results
Country and regional rankings
The complete data set for 187 countries and 37 indicators comprises 187 × 37 = 6919 time series, each spanning from 1 to 114 years with an average span of 37 years. Data for 234 time series were completely missing, and, therefore, 3.4% of the model inputs are lacking (Online Resource Section S.2 provides details on the treatment of missing inputs). Overall, 194, 696 values were collected, out of a total of 250,393 values required for a complete set of raw data. The number of missing data series per country is given in Table 1 in parentheses following the country name. Table 2 shows the ranking of countries by FACS. The top ten places of the list are occupied by European countries, New Zealand, Canada, and Australia. European countries also share places 11 to 20 with the USA. The most climate-vulnerable countries in the world are the SubSaharan Mauritania, Somalia, and South Sudan, and some Small Island Developing States (SIDS), such as Maldives, Marshall Islands, and Tuvalu. Sub-Saharan countries and SIDS occupy 16 of the lowest 20 places.
The ranking sometimes seems to be intuitive as, for example, that of poor countries. However, many counter intuitive results appear as the case of Uruguay and Croatia that rank a little above Denmark or Albania that is above Cyprus. It is better to rely on a systematic analysis rather than plain intuition. More importantly, FACS generates via sensitivity analysis the indicators with the highest potential of improving climate security. Brown (1977) in one of the earliest reports addressing the impacts of climate change focused on conflict and food security. Interestingly, FOOD and CONFLICT have the largest correlation coefficients with FACS (R = 0.82 and 0.77, respectively), followed by WATER (R = 0.69). The other dimensions are moderately correlated with FACS (ECON-OMY 0.55, LAND 0.54, HEALTH 0.49, and ENERGY 0.34). Also GDP per capita, despite being an input to the adaptive capacities of four dimensions of climate security, has a moderate association with FACS (R = 0.57) and weak with ECONOMY (R = 0.29). GDP is more associated with FOOD and HEALTH (R = 0.59, 0.55), weakly with LAND and WATER (R = 0.25, 0.22), and has no association with ENERGY (R = − 0.04).
Detailed assessments for each dimension of climate security are given in Online Resource Table S.1. Table 3 shows the country averages by region and economic group. Scandinavian and North American countries have the highest overall security levels followed by European Union's EU14 and the OECD countries. Low-income and Sub-Saharan countries have the lowest scores for most indices, including the overall, food, health, energy, and national (CONFLICT) security levels. Water-related problems are most prominent in the Middle East and Africa and economic problems in East Asia and the Pacific and in Latin America and the Caribbean. Finally, all dimensions of climate security are roughly increasing by income group except for a few cases shown in italics in Table 3 . This finding is in consonance with Articles 6, 7, and 9 of the Paris Agreement (UNFCCC 2016), whereby rich countries are called to support least developed ones that are vulnerable to the adverse effects of climate change, so that they meet the costs of mitigation and adaptation.
The Notre Dame Global Adaptation Index (ND-GAIN) is an assessment system of a country's vulnerability, adaptive capacity, and political and socioeconomic readiness to climate disruptions (Chen et al. 2015) . It uses 45 indicators grouped in nine dimensions: food, water, health, ecosystem services, human habitat, infrastructure (contains energy), economic readiness, governance readiness, and social readiness. The 2015 release of ND-GAIN ranks 182 countries. We compared FACS and ND-GAIN using Kendall's τ B rank correlation coefficient and found that the two rankings have a strong linear relationship (τ B = 0.65). FACS, however, has the additional important feature of enabling sensitivity analysis. 
Sensitivity analysis
Online Resource Table S .1 shows the most influential indicators for improving climate security obtained by first-and second-order sensitivity analysis. Table 4 summarizes the percentage probability of an indicator being among the top five most influential ones for any country in each region (abbreviated as in Table 3 ). The statistics correspond to a first-order sensitivity analysis. The BWorld^column gives the same probabilities over all 187 countries. The probability of the most frequent influential indicator for each region or group is shown in italics. It turns out that in the developed world (European, North American, Scandinavian, and high-income countries), the indicators with the highest potential to improve climate security are renewable energy consumption, population aging, and SLR impact on population. In lessdeveloped countries, GDP per capita, corruption, and population growth are the most important indicators. The top ten most influential indicators of the 187 countries are the following: GDP per capita, population growth, political rights, renewable energy consumption, SLR impact on population, renewable electricity production, access to electricity, cereal yield, corruption, and population aging. Some indicators such as Bpopulation ages 65 and above^or Bfrequency of natural disasters^cannot be directly controlled. However, awareness of their importance might lead decision makers towards taking measures to protect citizens by, say, importing labor force or improving health care and civil defense. The importance of climate security awareness cannot be overestimated.
Concluding remarks
Climate security was defined and assessed mathematically on a scale [0, 1] . The resulting ranking of 187 countries showed that developing nations are the most vulnerable to climate change, while a sensitivity analysis exposed their main problems. GDP per capita, sea level rise, and population growth are the most urgent problems of developing countries and SIDS whereas renewable energy is the major problem of the developed world. Some of these problems are intuitive such as renewable energy use and sea level rise; however, others are less obvious such as GDP per capita and population growth.
Similarly, the high ranking of several advanced countries appears intuitive; however, other results are quite unexpected such as the higher rank of Uruguay than Denmark and Japan or the higher rank of Costa Rica than Italy, as already stated. It turns out that the model uncovered the vulnerabilities of Denmark, Japan, and Italy in the areas of water and energy as compared to Uruguay or Costa Rica. Similar comments could be made about the rather low ranking of Israel, Greece, and Cyprus.
A shortcoming of the model is that it emulates human thinking and as such its results are to some degree subjective. Subjectivity, however, is unavoidable given that no rigorous definition of national security exists and national security has several sides amenable primarily to verbal descriptions. Also, a composite index provides an average picture, so to speak, of the underlying process. However, this is later undone in some sense by sensitivity analysis. What remains to be done is a detailed analysis of the indicators that need improvement the most. It should be stated that FACS, in order to embrace those verbal descriptions, does statistical analysis and then Bcomputation with words^as the father of fuzzy logic, Lotfi Zadeh, has noted (Zadeh 1996) . Other existing models find simple weighted averages with fixed weights assigned to indicators to assess climate security, but do not perform sensitivity analysis. FACS views climate security globally and can easily be modified to capture new knowledge as reality and data change. Finally FACS, by its structure, enables decisions that improve climate security.
